This paper assesses the extent of the transmission of financial shocks between South Africa and other members of the BRICS grouping in order to infer the degree of contagion during the period 1996-2012. The paper makes use of a multivariate VAR-DCC-GARCH model for this end. The paper finds evidence of cross-transmission and dependence between South Africa and Brazil. However, the empirical results show that South Africa is more affected by crises originating from China, India and Russia than these countries are by crises originating from South Africa. The findings of this paper should be of interest to policy makers in the BRICS grouping should they be considering the possibility of full capital market liberalization and to the international investor who is looking at diversifying portfolios in the BRICS grouping.
Introduction 1
In the past two to three decades, various countries have been beset by severe financial crises: the Mexican peso collapse of 1994, the East Asian crisis of 1997, the Russian collapse of 1998, the Argentinean crisis of 2002, the US (United States) subprime, also referred to as the housing market crisis of 2007, and the European sovereign debt crisis of 2010, just to name a few. Although these financial crises started in a specific country and region of the globe, their effects spread to other countries and regions. For example, the East Asian currency crisis that started in Thailand spread within a short period of time to Indonesia, Malaysia, Korea, Taiwan, and the Philippines (Chancharoenchai and Dibooglu, 2006) . Such transmission of shocks is dubbed contagion in the financial economics literature.
The term contagion generally refers to the international transmission of shocks during financial crises.
Although there is no concise definition of the concept, financial economists nonetheless widely use the term to describe the extent and magnitude of the transmission of shocks from one region or market to others. For example, Bekaert, Harvey, and Ng (2005) refer to contagion as the excess correlation between markets over and above what one would expect from economic fundamentals. Dornhbusch, Park and Claessens (2000) define contagion as a significant increase in cross-market linkages after a shock to an individual or group of countries.
The literature divides the concept of contagion into two broad categories (Dornbusch et al., 2000; Forbes & Rigobon, 2001; Masson, 1998) , namely, fundamental-based and investor-behaviour contagions.
Fundamental-based contagion refers to the transmission of shocks that is due to real and financial linkages or fundamental relationship of any kind, such as trade or macroeconomic policy, between countries. Investor-behaviour contagion refers to a change in investor behavior which alters the flow of international portfolio investments in such a manner that it cannot be explained by economic fundamentals. For example, a crisis in one emerging market country can trigger investors to withdraw funds from many emerging markets without taking into account the fundamental economic differences between them.
Studying the effect of contagion of financial crises between BRICS countries is important given the magnitude of interaction between member countries and what the BRICS countries represent globally.
The BRICS countries, consisting of Brazil, Russia, India, China, and -since December 2010 -South Africa (SA), represent the world's leading emerging market economies (EME), distinguished by their large, fast-growing economies. The growth potentials in those culturally and geographically disparate countries are based on diverse attributes. Brazil is a resource-rich country, with resources such as coffee, soybean, sugar cane, iron ore and crude oil. Russia is well known for its massive deposits of oil, natural gas and minerals. India has a rising manufacturing base and is a strong service provider.
China has a highly skilled workforce at low wage cost and is seen as the manufacturing workshop of the world. SA, the smallest of the five BRICS countries by land mass and world GDP contribution, is the world's largest producer of platinum and chromium, and holds the world's largest known reserves of manganese, platinum group metals, chromium, vanadium and alumino-silicates (New Delhi, 2012) .
BRICS financial indicators are outstanding in that equity indices more than doubled between 1999 and 2009, and BRICS market capitalisation in equity markets grew from US$1.2 trillion to US$6.4 trillion between 2000 and 2010 (New Delhi, 2012 . Nonetheless, in terms of mutual influence and interaction between BRICS member countries, a number of authors have questioned the importance and influence of South Africa (SA) within this prospectively powerful grouping. For example, Naidoo (2012) contends that SA does not fit into BRICS given the size of its economy. The author sees the presence of SA as weakening the group for three reasons. Firstly, because of SA's GDP growth lags compared to the rest of the BRICS countries and other EMEs. Secondly, SA doesn't feature within the top 20 largest world economies in US dollar terms. Thirdly, SA has a population of 50 million compared to the second smallest BRICS country (Russia) with a population of 140 million, and is therefore a small country in comparison.
The questioning by critics of the importance and influence of SA within the BRICS grouping prompted this paper, which endeavours to assess the extent of South Africa's financial influence on other BRICS countries, and also the degree and magnitude of the transmission of financial shocks between South Africa and each of the other BRICS countries during periods of financial crises. In other words, the paper endeavours to assess the extent of contagion between South Africa and each of the BRICS countries during the period 1996-2012.
The financial influence of South Africa on emerging-market economies is well documented. For example, Flvin and O'connor (2010) show that South Africa has one of the most liberalized stock exchange and financial systems among emerging-market economies. However, the extent of its financial influence in the BRICS grouping is a matter of empirical analysis. The hypothesis of this paper is that if it can be found that a crisis that originates in SA spreads to other BRICS countries to the same extent as shocks from other BRICS countries transmit to South Africa, then one could infer the possibility of mutual financial interdependence between South Africa and other BRICS economies, proving wrong the view that South Africa is of little financial influence in the BRICS grouping. The paper assesses the transmission of shocks in the context of the equity market given its importance as a significant financial sector in BRICS countries. A number of studies have made use of stock exchange data to assess the degree of financial dependence and integration of countries (Bonga-Bonga, 2009; Singh, 1997) .
While other studies have assessed contagion between BRICS and other developed economics (Nikkinen, et al., 2013; Berikos, 2014; Morales and Gassie, 2011; Sheu and Liao, 2011) , to the best of our knowledge there is no study that assesses contagion within BRICS countries, especially since the time of South Africa's inclusion in the BRICS grouping. The finding of this paper should inform policy makers in BRICS countries on the benefit that each member can derive from further liberalizing its capital markets. It is important to note that capital market liberalization in the presence of asymmetric contagion may lead to portfolio re-allocation and capital flight at the detriment of the most vulnerable or reliant country, especially during the periods of financial crisis (Stiglitz, 2004; Borjas and Ramy, 1995) . Thus, the finding of this paper should also be of great interest to international investors and asset managers.
In order to assess the extent of contagion between South Africa and each of the BRICS countries, this paper identifies periods of major crises in each of the BRICS countries and assesses how conditional correlation of equity market returns between South Africa and each of the BRICS country fared during these periods. For example, the dynamic conditional correlation of equity market returns between South Africa and each of the BRIC countries will be assessed during the 2001 South African currency crisis. It is important to note that during the 2001 currency crisis in South Africa, the nominal rand depreciated 26% against the US dollar, especially between September 2001 and December 2001 (Bhundia & Ricci, 2005) . Bhundai and Gottschalk (2003) as well as Pretorius and de Beer (2004) attribute the sharp depreciation of the rand during those periods to the nominal disturbance that originated from the US, the September 11, 2001 attack and the political unrest in Zimbabwe.
Moreover, the impact of crises emanating from other BRICS countries on the South African economy will also be assessed.
The empirical literature on contagion is vast, mostly prompted by the attempt of a number of studies to understand the widespread effects of the financial crises in the 1990s. Different empirical approaches emerged, which could be classified in four different categories (Forbes & Rigobon, 2001 ): the analysis of cross-market correlation coefficients; GARCH frameworks; cointegration and probit models. The cross-market correlation test measures the correlation in returns between two markets at two distinctly different time periods, the tranquil and turmoil periods. A significant increase in the correlation coefficient during the turmoil period would suggest a transmission mechanism or the occurrence of contagion (King and Wadhwani, 1990; Kim, 1993; Rengasamy, 2012) . Nonetheless, cross-correlation models for the analysis of contagion have been criticised for their inability to account for heteroscedasticity in the variables used. To remedy this criticism, Forbes and Rigobon (2001) and Bouaziz, Selmi, and Boujelbene (2012) suggest the use of the generalised autoregressive conditional heteroscedasticity (GARCH) model as per Bollerslev (1986) .
The GARCH frameworks use high-frequency data to assess the transmission of volatility across markets (Kalkberg, Liu, & Pasquariello 2005) . Morales and Gassie (2011) use a standard univariate GARCH, TGARCH and structural breakpoint identification algorithms to analyse the co-movement of the BRICS and US energy markets (oil, natural gas and electricity). Moreover, in the context of multivariate GARCH, Bouaziz et al. (2012) used Markov Switching in conjunction with a DCC-GARCH model to determine the worldwide contagion effect of the US subprime crisis of 2007.
A number of studies make use of the cointegration technique to test for contagion by determining the long-run relationship between markets in the presence of financial crises (Longin and Solnik, 1995; Fahami, 2011) . For example, Fahami (2011) used this method to test the structure of linkages and the causal relationships between BRIC and other developed countries during the 2007 US subprime crisis.
The author shows that BRIC equity markets correlated more closely with the US equity market than with UK and Japanese equity markets. Gupta (2011) undertook similar tests on equity markets by comparing BRIC countries' interdependence during the US subprime crisis of 2007 and the European sovereign debt crisis of 2010. The author found long-term correlation between the BRIC countries, and that bi-directional causality exists between China, India and Russia.
The fourth group of empirical analysis assesses financial contagion by making use of exogenous events and microeconomic rather than macroeconomic data (Forbes and Rigobon, 2001) . The advantage of microeconomic data is that it provides a more concise and clear identification of the channels through which contagion can occur. For example, Forbes and Rigobon (2001) examined how different types of firms were globally affected by the Russian and Asian Crises and how these crises affected other firms worldwide. The authors showed that firms that transact with countries that are affected by economic crisis are also significantly affected; this therefore suggests that trade channels are important in transmitting contagion.
In order to assess the magnitude of the transmission of financial shocks in the context of contagion, this paper applies the GARCH framework by making use of a multivariate vector autoregressive dynamic conditional correlation GARCH (VAR-DCC GARCH) model, whereby attention will be given to the transmission of equity market volatility shocks and time-varying conditional correlation to assess the evolution of the correlation between the South African and other BRICS equity markets.
Contrary to studies that made use of the DCC GARCH model in assessing contagion between different countries (Celik, 2012; Chao and Parhizgani, 2008) , this paper makes use of the VAR framework in the mean equation to account for possible endogeneity and interdependence of equity returns of BRICS economies. In addition, as stated earlier, this paper is the first to deal with the issue of contagion among the BRICS countries.
The remainder of this paper is organised as follows: Section 2 deals with the methodology of multivariate VAR-DCC GARCH model, the results will be discussed in Section 3. This paper concludes with a presentation of the findings in Section 4.
Methodology
In order to examine financial contagion between SA and its BRICS counterparts during the different crisis periods a VAR DCC GARCH model is estimated. The estimation of the VAR DCC GARCH model is broken down into three stages. In the first stage, a vector autoregressive (VAR) model is estimated as the mean equation. This estimation informs of the interaction between stock returns of BRICS countries and brings up to date the possible spillover between the stock exchanges of those countries. In the second stage, the residuals obtained from the first stage are used to model the GARCH equations. In this paper use of the GARCH (1,1) model is made, which is suitable for equity returns (Engle & Patton, 2001) .
2 Lastly, the covariance matrix obtained in the second stage is used to calculate the time-varying correlation matrix.
The mean equation is represented by the following VAR equation of order n:  and  need to be estimated. The advantage of using the VAR framework in the mean equation is to account for the interdependence of returns between BRICS countries and the influence of the deterministic and/or exogenous variable Zt (here we account for the influence of the S$P 500 returns on BRICS equity returns).
The second stage uses the residuals obtained from Equation 1 in the first stage to input them into the univariate conditional-variance model specified for each BRICS equity return. To account for equitymarket asymmetry, we use the Glosten, Jagannathan and Runkle (GJR) (1993) GARCH model, which accounts for the asymmetric effect of equity-market returns. The GJR GARCH (1,1) 3 model is represented as follows:
where the parameter ω refers to the long-term conditional variance and α is the lag coefficient. ) ( I is an indicator variable that takes the value of 1 when if 0 1   t  and zero otherwise. Thus, the impact
for negative shocks and  for positive shocks.
The last stage in a DCC GARCH model consists of determining the time-variant conditional correlation matrix from the conditional variance expressed as:
Where t D is the diagonal matrix of conditional variances such as
. Rt is a positive definite N x N correlation matrix and is defined as follows:
Where a, b >0 and
. R is a scalar for constant conditional correlation in that R= R if a=b=0. 
Data, estimations, results and discussion
The paper makes use of weekly data that covers the period December 1996 to May 2012. The initial period corresponds with the liberalization of a number of BRICS equity markets. BRICS equity returns are computed from the following equity indices: the Johannesburg Stock Exchange (JSE) All Share Index for South Africa, the Bovespa Index for Brazil, Shanghai A Share Index for China, the RTS
Index for Russia and the S&P CNX500 Index for India. The S&P 500 returns are used as an exogenous variable in the VAR model to control for the influence of the US on the BRICS equity markets. Table 1 reports the summary statistics for the weekly equity returns of the five BRICS countries. The mean returns range from 0.27 % for Brazil to 0.08% for China. Russia has the highest standard deviation for the full sample observation followed by Brazil and India. The high kurtosis and negative skewness for all the BRICS countries indicate that their equity returns are characterized by fat tails and extremely negative returns, respectively. This might explain the vulnerability of BRICS countries to global crises. The Jarque-Bera statistics show that BRICS returns exhibit substantial non-normality; thus quasi-maximum likelihood is considered for GARCH estimation. Figures 1 to 5 display the equity returns of the five BRICS countries superimposed on periods of major financial and economic crises. Figure 1 shows that the South African equity returns, the JSE All Share Index returns, were highly volatile during 1997, 1998, 2001, and 2002 
Figure 5. Returns on China's Shanghai A Share Index
In order to obtain the conditional correlation estimates of the South African equity market and each of the other BRICS equity markets, we first make use the mean equation approximated by a VAR model with one lag, 4 where the endogenous variables consist of equity returns from the different BRICS countries. In addition, we control exogenously for the influence of the S&P 500 equity returns on BRICS countries. Given that there is evidence that the series co-breaks, the VAR model did not include specific dummy variables. Secondly, the residuals obtained from the VAR estimation are used to model the GJR-GARCH(1,1) from the different countries. In the third step, the likelihood function in Equation 6 is used to obtain the parameters of the VAR-DCC-GARCH model. Table 1 presents the results of the estimation of the models represented by Equations 1 to 5.
The results reported in Table 2 show that on average the S&P 500 equity index returns have a positive impact on BRICS equity returns, with the impact being statistically significant for all the BRICS countries. While the Brazilian equity market seems to be the most influenced by the US equity market, with the coefficient  equals 0.9084, the Chinese equity market is the least influenced by the US equity market among BRICS countries. It is important to note that the positive influence of the US equity market on emerging market equity returns is well documented (see Bonga-Bonga and Mwamba, 2015) . Moreover, the results reported in Table 2 show that the asymmetric effect is statistically significant in the South African, Brazilian and Russian equity markets and that the sum of coefficient a and b is less than unity, which justifies the stability of the volatility model used. ***, ** and * denotes rejection of the null hypothesis at 1%, 5% and 10% respectively. The order of countries is 1 for Russia, 2 for South Africa, 3 for India, 4 for Brazil and 5 for China.
The Q-statistics and the LM ARCH tests in Table 3 confirm that the null hypothesis of no serial correlation and no ARCH effect is not rejected for the estimated VAR DCC-GARCH(1,1) model.
This confirms the validity of the model used, from which the dynamic conditional correlation graphs displayed in Figures 6 to 9 are obtained. This evidence should indicate that the South African currency crisis had a negligible influence on Russia and, thus, the absence of contagion of the South African equity market to the Russian equity market. As in the case of Brazil, the two equity markets commove to different external shocks. The results displayed in Figures 6, 7, 8, and 9 show that there seems to be weak evidence of an increasing correlation between South Africa and each of the BRICS countries during a period of crisis that stems from South Africa, which may lead to the conclusion that South Africa is a receiver rather than transmitter of financial shocks to other BRICS countries during periods of financial crisis. Such a conclusion will not be robust without assessing whether the difference in the means dynamic correlation observed during periods of crisis emanating from South Africa and other BRICS countries is statistically different. We use the t-statistics test of means difference to this end whereby the null and alternative hypotheses for the t-statistics test of means difference are defined as: We adjusted the conditional correlation to unconditional correlation by making use of the relative increase in the variance of the South African returns before and during the 2001 currency crises. Table   5 presents the mean values, the t-statistics for means difference and the outcome of the test of the means difference during the crisis originated from South Africa and the one originated from specific BRICS country by making use of unconditional correlation measures. The results reported in Table 5 show that although the magnitude of means of unconditional correlation is less than the mean of the conditional correlation across all the identified crises, the outcome of the test of the means difference is identical to that reported for conditional correlation in Table 4 Moreover, the findings of this paper should inform international investors and portfolio managers on the possibility of portfolio diversification and equity and option pricings when investing in BRICS.
For further research we suggest that other volatility measures be considered when analysing the possibility of contagion within the BRICS grouping.
